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Abstract

Mobile devicesare configuedwith oneor more wireless
cardsthat providelimitedradio-rangeandunreliabletrans-
mission. Theseenegy-constaineddevicesare configued
with a fixed amountof storage. A device may setasidea
fractionof its local storage asa cacheto minimizeuseof the
networkwhenservicingrequestsenhancingnetricssud as
startuplatencyanddataavailability. In this paperwefocus
ona repositoryof continuousmedia(audioandvideo)clips
andstudyseveral greedycachemanaementecniquesand
their cadhe hit rates. This metric reflectswhat percentaye
of requestdor clipsis servicedvhena mobiledeviceis dis-
connectedrom the network. Thedevice becomesetwork
detacheddueto factors suc asresidingin a denselypop-
ulatedgeaographicallocation with over committechetwork
bandwidthor travelsto geagraphical areaswith no base
stationcoverage. We investigaterepositoriesof both equi-
sizedandvariable-sizectlips, identifyinglimitations of the
current techniques. Our primary contribution is develop-
mentof threenovel techniquesto addresstheselimitations.
They are adaptableand provide competitivecachehit rates.
Onetednique called DynamicSimple providesa higher
cachehit rateand adaptsfasterto changingpatternsof ac-
cesdo clips whencompaedwith othertechniques.

1 Intr oduction

Advancesn wirelesscommunicationmassstorageand
processinghave enabledmobile devices that offer their
usersa variety of information services. Applications of
thesedevicesarediverse rangingfrom entertainmento ed-
ucationand military. As anexample,today’s mobile tele-
phoneis a ubiquitousdevice that might actasboth a cam-
eraanda camcorderplaysmusicusingits spealersor ear
phones displaysvideo clips usingits color screen,stores
personalinformation and interface with a projector (or a
computerscreen)to deliver multimedia presentationsin-

cludesa browser to enableits userto roam the Internet
and display content(e.g., YouTube video clips), and pro-
videstraditionalvoice services.Thecomputerandcommu-
nicationsindustryis exploring “fix ed-mobilecorvergence”
(FMC) [8] where the mobile telephonereplacesexisting
fixed-linetelephonedy detectingwirelessinternetbasesta-
tions and“roaming” onto it by switchingto voice over IP
(VolP). Thisis to provide the userwith reliability, low cost,
andclearaudioqualitiescomparableo the fixed-linetele-
phone.In addition,FMC providesthecorvenienceof asin-
gle handseta single addresshook and a single voicemail
box.

The FMC phoneis expectedto be configuredwith two
typesof network connectiong8]: a Wi-Fi interfacesuchas
802.11bor g, andtraditional cellular Whenon the road,
its cellular connectvity employs the existing cellular base
stationsto provide voice and dataservicesat bandwidths
rangingfrom tensof Kilobits per second(Kbps) to a few
MegabitspersecondMbps). Whenathome theWi-Fi con-
nectiity detectshe homebasestationthatprovidesbroad-
bandnetwork services,andemploys it to route a call us-
ing VoIP. The homebasestationis a fixed-line broadband
connection(suchas DSL or cablemodem),communicat-
ing with nearbymobile phonesusing Wi-Fi. This Wi-Fi
connectvity providesbandwidthgangingfrom hundredsf
Kbpsto tensof Mbps. Both cellularandWi-Fi connectvity
arerequiredbecausehe radio rangeof the Wi-Fi connec-
tion is limited to tensof feet while the cellularconnection
isin theorderof miles.

Similar to today’s camcordersan FMC phonemight be
configuredwith aninexpensie magneticdisk drive, offer-
ing its usershundredsof Gigabytesof storage. With pre-
recordeddata,someof this storagemight be configuredas
acacheo enhanceheavailability of dataandimprovequal-

lwiMax, 802.16[5], provides a longerradio-rangewith bandwidths
comparablego 802.11b While deplo/ed in Japanmary are awaiting its
arrival in the United States WiMax may minimize therole of anin home
broadbandtonnection.We do not elaborateon this alternatve becausét
is not centralto the cachingtechniquesxploredin this paper



ity of servicemetricssuchasstartuplateng. Considereach
in turn. Dataavailability is enhancedbecausd¢he usermay
retrieve the cacheddatawhenthe device is out of therange
of boththe cellularandWi-Fi basestations.Startuplateng

is thetime elapsedrom whena userreferencesiclip to the
onsetof its display Whenstreaminga clip from a basesta-
tion, this metricincludesnetwork delaysattributedto time

spentto resene bandwidthby negotiatingwith thebasesta-
tion. Bandwidthresenation andadmissioncontrol arere-

quiredfor streamingnediato ensurgéhemobiledevicedoes
not stane for data. Otherwiseits display may suffer from

frequentdisruptionsanddelays,termedhiccups. Network

delaysare eliminatedwhen a device obsenes a cachehit

andservicests requestaisingits local cache.

In this paperwe studyalternatve cachingtechniquesn
orderto maximizecachehit rateof a device. Cachingtech-
niguescanbetaxonomizedilongtwo dimensionsl) those
that manageeither equi or variable sized dataitems, and
2) eithergreedy or cooperatie cachingtechniques.Con-
sidereachdimensionin turn. Cachingtechniquedasedn
fix sizedobjectsor pages[7] are employed by operating
systemsand databasenanagemensystems. Proxy cache
senersmustmanageobjectswith differentsizes[16]. As
demonstrateth Section3.3, atechniquesuchasLRU that
providescompetitive cachehit rateswith equi-sizebjects
may provide alow cachehit ratefor variablesizedobjects.
Onecontribution of this studyis to identify techniqueghat
managebothequiandvariablesizedobjectseffectively®.

A greedycachingtechnigquestrivesto optimize a local
metric suchascachehit rate. It is in sharpcontrastto a co-
operatve cachingtechniquehatstrivesto optimizeaglobal
metric by coordinatingthe cachesof differentmobile de-
vicesin the radio rangeof one another A global metric
mightbethenumberof requestservicedusingthe cacheof
differentmobile devices(insteadof usingthe basestation).

Cooperatie cachingwas shovn to improve the per
formanceof file and virtual memory systemsin a high-
speedJocal-areanetwork ervironment[9]. In the context
of proxy cachesijt wasshown: a) to improve performance
amongcollectionsof smallorganizationsandb) unlikely to
have significantbenefitsfor largerorganizationor popula-
tions[16].

In this study we investigategreedycachingtechniques

2Greedycachingtechniquesmight be cateyorized as recently-based,
frequeng-basedsize-basediunction-basedandrandomized17, 15].

3A naie techniqueto managevariablesizedobjectsis asfollows. Par-
tition boththecacheandeachobjectinto equi-sizedlocksanduseL RU-K
to managethe cachedblocks. The choiceof block sizeis importantwith
suchatechniquelf ablockis largerthananobjectthenthis techniquewill
wastecachespace reducingcachehit rate. A smallerblock sizereduces
theimpactof wastedspace.However, it increaseshe amountof required
book keepinginformationsuchasthe time stampof lastblock reference.
Moreover, whencomparedvith othertechniquepresentedh this paperit
doesnot provide a highercachehit ratethanDYNSimple, seediscussions
of Figure5.a.

for mobile devicessuchas FMC. An investigationof co-
operatve cachingtechniquess a future researctdirection.
Thisis becausanunderstandingf greedytechniquess re-
quiredin orderto developandevaluateeffective cooperatie
cachingtechnique.Moreover, the performanceof a greedy
techniqueis key to evaluatinga cooperatie techniqueto
determindf its compleity is justified.

One may evaluatedifferent greedycachingtechniques
usingthefollowing metrics:

e Cachehit rate:thepercentagef clip requestsatisfied
usingthe cache.A 90% hit ratemeanghat9 of every
10clipsreferencedby theclientarefoundin thecache.

e Cachebytehit rate:the numberof bytessatisfiedfrom
the cacheasa fractionof thetotal bytesreferencedy
the client. This metric representshe amountof work
imposedon the network.

e Processoandnetwork utilization quantifytheamount
of resourcesisedby a cachingtechnique. Processor
utilization quantifiesthe compleity of a designand
its implementation. Network utilization defineshow
muchbandwidthis usedby atechniqueandis afunc-
tion of byte hit rate. Bothimpactthe amountof power
consumedy adevice.

e Averagestartuplateng: thedelayincurredfrom when
a client requestsa clip to the onsetof its display
Streamingareferencealip from the cacheminimizes
startuplatengy becausebandwidthof local storageis
higher than the bandwidthrequiredto display a clip
(Bpisplay). When streaminga clip using the net-
work, startuplateng is dictatedby the allocatednet-
work bandwidth(Bpeivery) andthe overheadof ad-
missioncontrol. Assuminga requestis admittedand
Bpetivery 1S higherthan Bp;spiqy, @ client may start
the display as soonas sufficient datais prefetchedn
the buffer to compensatéor fluctuationsn Bpjivery -
If Bpetivery IS lowerthanBp;gpiay thentheclientde-
vice mustprefetchenoughdatain orderto compensate
for the lower delivery rate. The amountof prefetch
datais definedas[10]: S; — Lif’#f:f:: x Si].

e Throughputof a geographicategion: the numberof
devicesin ageographicahreaableto displaytheir ref-
erencectlips simultaneouslylf eachdevice obsenres
a cachehit then the throughputof the region equals
the numberof devicesin thatarea. Whendevicesin
the sameradiorangedo notfind their referencedlips
in their cache they competefor the wirelessnetwork
bandwidth. Theserequestsarerejectedoncethe net-
work bandwidthis exhaustedreducingthethroughput
of thatregion.



While all metricsareimportant,in this studywe focuson
cachehit ratebecauseat enhancesvailability of datawhen
adevice is in anareawith eitherno basestationcoverage
or sodenselypopulatedhat the availablebandwidthto the
basestationis exhausted.Thus, we do not consideralgo-
rithms that enhanceother metricsby sacrificingcachehit
rate. An exampleis GDS-Popularity{13] which enhances
byte hit rateat the expenseof cachehit rate.

The rest of this paperis organizedas follows. Sec-
tion 2 presentghe problemstatement.SubsequentlySec-
tion 3 provides an overview of one currentoff-line tech-
niguecalledSimple[11] andtwo on-linetechniquesl.RU-
K [14] and GreedyDual[18, 3]. An off-line techniqueis
providedwith advanceknowledgeof future requestahile
an on-line techniqueis not previewed to this information.
A comparisorof thesetechniquesn Section3.3 shavs the
following tradeofs: 1) While Simple providesthe highest
cachehit rate, it is not practicalfor usein arealsystembe-
causat is anoff-line technique?) LRU-K is idealfor man-
agingequi-sizectlipsandprovideslow cachehit rateswhen
clip sizesaredifferent,3) GreedyDuaprovidesalow cache
hit ratewhenclips areapproximatelythe samesize. These
tradeofs motivate us to develop variantsof Simple, LRU-
K, andGreedyDualn Section4. Thesevariantsresolhe the
limitationsof theiroriginal counterparts.We show all three
variantsadjustto dynamicchangesn frequeny of access.
Whenfocusingon cachehit rate,the variantbasedon Sim-
ple, called DYNSimple, outperformsGreedyDualconsis-
tently. Moreover, DYNSimple adjuststo fluctuatingaccess
patternsquicker than the other alternatve. Brief conclu-
sionsandfutureresearcldirectionsareofferedin Section5

2 Problem statement

The cachingproblemcanbe statedasfollows. Givena
sequencef clip referencesyhereeachreferencénasatime
stampandeachclip hasa size,maintaina cacheof clipson
a client device with the objective to maximize numberof
clientrequestshatfind their referencectlipsin cache.The
cachehasa fixed size St. The size of clip repositoryis
Spp andlarger thanthe cachesize, Spg > Sr. Other
wise, theproblemis trivial to solve by replicatingtheentire
repositoryin cache.

Assumethe size of the cacheis larger thanthe largest
clip. Whenarequesteferencesclip j thatis notcacheres-
ident, the cachemanagemustbring clip j into cache.The
free cachespacemay be smallerthanthe size of incoming
clip j, requiringthe cachemanageto swap out otherclips
to free sufficient spaceo accommodatelip ;.

When an unpopularclip is referenced,a device may
streamthe clip without storingit in its cache. This pre-
ventsthe cachemanagerfrom swapping out the popular
clips from its cachewhenthe unpopularclip is largerthan

Parameter| Definition

C Numberof clipsin therepository

fi Frequenyg of accesdo clip i

S; Sizeof clip i

Sps Sizeof thedatabaseSpp = 3¢, S;
St A device'scachesize

Bpispiay,; | Bandwidthrequiredto displayclip 4

Table 1. Parameter s and their definitions

its free space.In this study we assumehe cachemanager
materializesvery referencectlip in its cachefor two rea-
sons. First, a device may download a clip fasterthanits
display rate becausevailable network bandwidthis atbun-
dant. For example,this may happernwhenusingthe Wi-Fi
basestationat home. Second a device may anticipatethat
it will move out of theradiorangeof abasestation.To pre-
vent hiccups,the device may downloadthe clip at a faster
rate so thatit is cacheresidentprior to becomingdiscon-
nectedfrom the basestation. A future researchdirection
is to considerscenariosvherethe cachemanagerdoesnot
materializean unpopularclip.

In this study we compareand contrastoff-line and on-
line cachemanagemendtrat@ies. Sections3.1and3.2de-
scribethesestratgiesin turn. SubsequentlySection3.3
providesa comparisorof thesestratgieswith oneanother

3 Current cachingtechniques

This sectiondescribesSimple as an off-line technique,
andLRU-K andGreedyDuahstwo on-linestratgies.Sub-
sequentlywe comparethesealternatveswith oneanother
guantifyingtheir tradeofs.

3.1 An off-line technique: Simple

Simple [11] assumesadvancedknowledge of the size
andfrequeng of accesgo eachclip in thedatabaseGiven
thereferencestring, Simplecomputeghe frequeng of ac-
cessfor clip 7 (f;) by countingthe numberof references
to clip j anddividing this valuewith thetotal numberof re-
guestsn thereferencestring. Next, Simplesortsclipsbased
on their frequeny of accesgo eachbyte, calledbyte-freq
anddefinedas g—’] It assignghoseclips with the highest
byte-freqvalueto the cacheof a device. Experimentake-
sultsof [11] show the superiorityof this techniqueto one
that simply assignsthe most frequently accessealips to
eachdevice.



GreedyDud([Clip x)
Cost(z) .

if(clip z is cacheresident ), = L + Size()
else

while(free cachespace< Size())

L =min(Q;);
Evict j from local cache

}

Retrieve andstoreclip z;

Cost(z).
Qu =L+ S
}

Figure 1. GreedyDual pseudo-code

3.2 On-line technigues: LRU-K and GreedyDual

LRU-K [14] maintainsthetime stampof lastK references
to a clip and usesthis informationto statisticallyestimate
theinterarrival timesof references$o aclip. Whenchoosing
avictim, it selectsthe leastrecentlyreferencectlip across
its lastK requests.

GreedyDual[18] is a spectrumof algorithms. One algo-
rithm considersa cacheof pageswith the samesizeanddif-
ferentcoststo fetchfrom secondangtorage Thealgorithm
assignsa priority value, @, with eachcachedpage. When
thecachemanagematerializes pagein thecache() is set
to the costof bringing the pageinto the cache. Whenthe
cacheis exhaustedand the cachemanagemust choosea
victim, it chooseghe pagewith thelowestQ (@...i») value
asvictim. Next, for eachcachedpage,the cachemanager
reducests @) valueby Q...;». If apageis referencecand
obsenresacachehit, thecachemanagerestorests  value
to its original costvalue.

With our repositoryof clips, the priority of a clip is de-
fined as%j: wheresizeis the sizeof theclip in bytes.The
definitionof costdepend®ntheobjective of thecacheman-
ager By settingcostto 1, the cachemanagemaximizes
cachehit rate. One may setcostto the time requiredto
fetchtheclip. Thiswould minimizetheaveragdatend [3].

A naive implementationof GreedyDualwould require
the cachemanagetto performk subtractionsvhenchoos-
ing avictim wherek is the numberof cacheresidentclips.
An efficientimplementatioris presentedn [3] andshovn
in Figurel. Thekey ideais to maintainan “inflation” pa-
rameterL. All valuesof @) areoffsetby the value of this
parameter

3.3 A comparisonof on-line and off-line caching
techniques

We usea simulationmodelto investigatethe behaior
of alternatve cachingstratgjies. It consistsof a senerand
aclient. The sener containsthe entiredatabaseepository
andthe client is the FMC device configuredwith a cache
thatis afractionof therepositorysize.

Therepositoryconsistof 576clips. Half areaudioclips
andthe other half are video clips with display bandwidth
requiremeniBp;spiay) Of 300 Kbps and4 Mbps, respec-
tively. The databaseconsistsof 3 differentclip sizesfor
eachmediatype. With video,clips have adisplaytime of 2
hours,60 minutes,and 30 minutes. The size of theseclips
are 3.5 GigabytegGB), 1.8 GB, and0.9 GB, respectiely.
With audio, clip displaytimesare 4 minutes(8.8 MB), 2
minutes(4.4MB), and1 minute(2.2MB). We numberclips
from 1 to 576. This numberings importantbecausave as-
sumea Zipfiandistributionwith ameart of 0.27to generate
requestdor differentclips. Odd numberectlips arevideo
and even numberedclips are audio. Clips are assignedn
descendingsize orderin a round-robinmanner Thus,the
patternof clip sizesis 3.5 GB, 8.8 MB, 1.8 GB, 4.4 MB,
0.9GB, and2.2MB. This patternrepeatstself until all 576
clipsthatconstitutethe repositoryareconstructed.

We assumethe bandwidthbetweenthe sener and the
client exceedsmaximumbB p;spray (4 Mbps), enablingthe
sener to streama clip to theclient. A clientissuesl0,000
requestdor clips one after another A requestreferences
aclip usinga randomnumbergeneratoiconditionedusing
the Zipfian distribution. We assumethe client displaysthe
referencealip andissuesanotherequesimmediately We
vary the size of the client’s cache(S7) andreporton the
client’sobsenedcachehit rate.

Figure 2 shavs the cachehit rateandbyte hit ratewith
the alternatve techniquesas a function of SSTTB A larger

S%B (x-axis) value meansa larger client cachesize, re-
sulting in a higher cachehit rate. As a comparisonyard
stick, we have includeda techniquethat choosesvictims
randomly This techniques calledRandom.Note thatthe
cachehit rateof thistechniquealsoriseswith alargerclient
cache.

With a small client cachesize (£22-=0.0125), Simple
providesthe highestcachehit rate. This is becausét packs
the clips with the highestbyte hit ratio into the client's
cache Whentheclientreferencesnunpopularclip j, Sim-
ple swapsoutthoseclipswith thesmallesbyte-hitratio, en-
ablingclip j to becomecacheresident.Thisclip is swapped
out immediatelyby the next clip thatis not disk resident.
We examineda variantof Simplethatdoesnot cachethose

4This distribution is shavn to resemblethe saleof movie ticketsin the
United Stateg6]. A Zipfian distribution is usedextensvely to studythe
behaior of cacheseners[16].
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Figure 2. A comparison of Simple, LRU-2, GreedyDual and Random.

referencedlipswhosebytehit ratiois smallerthantheclips
occupying client’s cache. This variantassumeghe refer
encedunpopularlips arestreamedrom the sener without
becomingcacheresident.Thisvariantperformseitheriden-
tical or slightly betterthanthe oneshawvn in Figure2.a.

When considering cache hit rate, both Simple and
GreedyDuabutperformLRU-2 becausehey considersize
of the clips when deciding what clip to maintainin the
cache. This is consistentwith the studiesinvestigating
cachingtechniquedor web proxy cached3].

NotethatLRU-2 providescompetitive byte-hitrates,see
Figure 2.b. Exceptfor £2-=0.0125, Simple provides a

DB

higherbyte-hitratethanLRU-2.

GreedyDualis not a replacementor LRU-K for equi-
sizedpagesor objects. Figure 3 shavs LRU-2 providesa
higher cachehit rate than GreedyDualfor a repositoryof
equi-sizedclips. GreedyDuabrovidesa lower hit rate be-
causeit ignoresthe lastreferenceiime to a clip asan esti-
mateof its futurereferencdaime. To illustratethis, consider
threeequi-sizedtlips (o1, 02, andos) wherethesizeof each
clip is 10MB. Assumethecachds 25MB in size.Consider
asequencef referencedy theclientwhereo, isreferenced
every otherrequest.Two consecutie referencegor o, and
o3 arethreerequestapart,resultingin the following refer
encestring: {01, 09, 01, 03, 01, O3, 01, 03, 01, } Thefirst
3referencesausep; ando, to becomecacheresident.The
subsequenteferenceo os forcesboth LRU-2 andGreedy-
Dual to choosea victim. LRU-2 will chooseo, becauset
is leastrecentlyreferenced GreedyDualill have a prior-
ity of —L_— for eachof o; ando, and mustchooseone

10 MB
randomly Letsgive GreedyDuathe benefitof choosingos
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Figure 3. LRU-2 provides a higher cache hit
rate than GreedyDual for a repositor y of equi-

sized clips.



asthevictim. Onceos becomesacheresident,ts priority
is setto 375 The next referencefor o, will obsere a
cachehit with both LRU-2 and GreedyDual. GreedyDual
setsthe priority of 0y to 17375 Thenext referencefor o,

is a cachemisswith both LRU-2 andGreedyDual.LRU-2

will choosen; asthevictim. GreedyDuaimustonceagain
choosébetweerv; ando; randomlybecauseheir priorities
areidentical,(01)=Q(0s)=15275- Thisrandomdecision
is imposedon GreedyDuakvery time eitheros or o3 is ref-
erenced. Every time GreedyDualchooseso, its hit rate
will be loweredfor subsequend, references.LRU-2 will

not suffer from the samedilemmabecauseét considerghe
last 2 referencedor eachclip andwill maintaino; cache
resident.

4 Enhancedgreedycachingtechniques

In this section we improve uponthe currentstateof the
art techniquedo make themmoresuitablefor managinga
cacheof clips. Theseimprovementsare as follows. We
introduceavariantof Simple,calledDYNSimple,asanon-
line technique. Next, we extend GreedyDualto consider
time in orderto supporta repositoryof equi-sizecclips ef-
fectively. The resultingtechniqueis called Interval-Based
GreedyDuallGD). Finally, we presenta modifiedLRU-K,
calledLRU-SK, which considersclip sizeswhenchoosing
victims. In Section4.4, we comparethesetechniqueswith
oneanother

4.1 Dynamic Simple, DYNSimple

Onemaytransformthe Simpletechniqueof Section3.1
from anoff-line techniquao anon-lineoneby dynamically
estimatinghefrequeng of accesso eachclip. Thepseudo-
codefor DYNSimpleis shovn in Figure4. Therearesev-
eralwaysto estimatea clip’s frequeny of access.Below,
we describeoneapproach.

To estimatethe frequeng of accesdo aclip j, adevice
maintainsthe time stampof its lastK references{Tx 1,
Tk_2,....,To} whereTx_1 < Tk_o andtimeis increasing
monotonically At time instancet, the arrival rate of re-
questdor clip j is definedas\; = ﬁ Theestimated

frequeng of accesgo clip j is theratio of its arrival rateto
thetotal arrival rateof all C clips, E(f;) = ﬁ
Onemay definethe quality of estimatedrke_ciuencieSJf
accessusing the following function: w
E(f;) is the estimatedrequeny of accesswhile f; is the
accuratdrequeng of accesobtainedfrom the distribution
usedto generateequestsA highervalueof K improvesthe
quality of estimatedf; values. For a repositoryof C=576
clip, the quality of estimatesmprovesby a factor of 10
whenwe increaseK from 2 to 60 (quality improvesfrom

DYNSimple(Clip x)
if (clip z is cacheresidentreturn clip z;
else

{ victims = emptyset;
candidates setof cachedtlips;
sortcandidatesn ascendingrderof mfﬁ
while (freecachespace
+ sizeof objectsin victims set< size(z))
{

victims = victims U first clip in candidatedist;
removefirst clip in candidatedist;

}

sortvictimsin descendingrderof size;
while (freecachespace< size(z))

Remaethefirst clip in victims set;

}
Retrieve andstoreclip z;
}
Figure 4. Dynamic Simple (DYNSimple)

pseudo-code

0.006to 0.0006). At the sametime, we obsened minimal
improvementsin the cachehit rateswith increasedvalues
of K, seeSection4.4. We believe K = 2 is sufficient in
mostcases.

Notethat DynamicSimplemaintainsK time stampdor
thoseclips that are not in its cache. Assumingeachtime
stampis a 4 byteinteger, this techniquencursanoverhead
of 4 megabytesto maintain K = 2 time stampsfor one
million clips. This might be areasonableverheado incur
givenacachethatis potentiallytensof gigabytesn size.To
reducethis storageoverhead Dynamic Simple may delete
thehistory of thoseobsoleteclips by employing arule such
asthe 5 minuterule [12, 14] extendedto the wirelesservi-
ronment. Designof sucharule is a future researchdirec-
tion.

4.2 Interval basedGreedyDual(IGD)

Section3.3 shoved GreedyDualloesnot provide effec-
tive supportfor equi-sizedtlipsbecausé doesnotconsider
how recently a clip has beenreferenced. Interval based
GreedyDualaddresseshis limitation by maintainingthe
last K referencedor eachclip j (similar to DYNSimple).
At atime instancet, Ik is the interval of time from ¢ to
Tk_1, Ix = t — Tk _1. We changethe costfunction of

GreedyDualo %sgg)(w) whereRef(z) is the num-



ber of referencego clip z. While time is monotonically
increasing,numberof referencegertainsto thoseobjects
in the cache.IGD forgetsRef(x) whenclip z is swapped
outof thecache Whenclip z is reference@ndbroughtinto
cachejts Ref(z) is setto zero.

Theuseof Ref(x) wasoriginally proposedn [4]. This
study proposedGreedyDual-Fregvhich changeghe cost
function of GreedyDuato %&?t(w). We use fef(z)
(insteadof Ref(x)) in order to facilitate aging so that
IGD “for gets”pastreferencesvhenaccespatterngo clips
evolve and changeover time. This ratio is not the arrival
rate of requestdor clip z because¢he numberof requests
sincea clip becomescacheresidentis independenbf its
K" lastreferenceTo illustrate, Ref (z) = 100 meanshe
userof thedevicereferencedhisclip 100timessinceit was
broughtinto cache.A valueof 5 for Ix meanss time units
have elapsedsincetheuserlastreferencedlip . Thus,if a
popularclip suddenlybecomesinpopularanddoesnot re-
ceive cachehits, I startsto increasereducingits priority
andcausinglGD to swapthis clip out. Whenz is swapped
out, its numberof referencess forgottenandresetto zero,
similarto [4].

Resultof Sectiond.4showv IGD is morerobustto evolv-
ing accesspatternsthan GreedyDual-Freq. Moreover, it
providesa highercachehit ratethanGreedyDual.

4.3 LRU-SK

By choosingthe leastrecentlyusedclip, LRU-K swaps
outtheclip with minimum ﬁ valuefirst. I is theinterval

of time from currenttime to thelast Kt” referencgsameas
IGD, seeSection4.2). To considerclip sizes,we propose
LRU-SK which swapsoutclip z with minimum T %sine(@)
value. Resultsof Section4.4 show this changeenables
LRU-SK to provide cachehit rateshigherthan GreedyD-
ual.

4.4 A comparison

Figure5 shaws the cachehit rateof the alternatve tech-
nigueswith two differentrepositoriexonsistingof 576equi
andvariablesizedclips, respectrely. With bothfigures,x-
axis is the ratio of cachesize and the databasesize while
they-axisis thecachehit rate. Figure5.ashavstherevised
versionof GreedyDual,IGD, provides competitive cache
hit ratesfor arepositoryof equi-sizedbjects.Its hit rateis
significantlyhigherthanthe original GreedyDuabndcom-
parableto DYNSimple. Whencomparedvith GreedyDual,
IGD is animprovementbecausét considerdoththe num-
ber of referencego cacheresidentclips andtheir last Kt*
referencesvhenselectingvictims.

Figure5.ashavs DYNSimpleandIGD provide a higher
cachehit ratethanLRU-2 for equi-sizedclips. This is im-

portantfor the following reason. One may designa tech-
nigue that a) partitionsthe cacheand eachvariable sized
clip into equi-sizedblocks, and b) managedlocks using
LRU-2. Suchatechniquewill not provide a highercache
hit ratethaneitherDYNSimpleor IGD. Moreover, it wastes
spacewhenthe chosenblock sizeis larger than an object
size,resultingin alower cachehit rate.

Figure 5.b shavs the cachehit rate for a repositoryof
576 variable sized clips, see Section3.3. Obtainedre-
sultsshov LRU-SK is providing cachehit ratescompara-
blewith DYNSimpleandGreedyDual DYNSimpleoutper
forms LRU-SK becaus®YNSimple employs K=32 refer
encedo estimatefrequeng of accesgo eachclip while K
is 2 with LRU-SK. If oneemploys K=2 with bothLRU-SK
andDYNSimple thentheir cachehit ratesbecomesalmost
identical. This is becausehe way they useclip sizeand
referencdimeto its last2 requestsesultsin the samerank-
ing of victim clips®. With valuesof K > 2, DYNSimple
providesa highercachehit ratethanLRU-K.

4.4.1 Evolving accesyatterns

In afinal experimentwe analyzedadaptabilityof the alter
native techniquego the changingpatternof accesgo the
576 variablesizedclips. In this experiment,we shiftedthe
identity of objectsgeneratedisingthe Zipfian distribution.
Assumingobject; is the mostpopularonewith the origi-
nal distribution, a shift-id of 100, g = 100, causesbject
(j + 100)%C to becomemostpopular In essenceye shift
the original distribution with the valueof g. Wheng = 0,
the distribution generatesequestsdenticalto the original
distribution.

Note thatfor a g value,we have a fixed distribution of
accesgo clips. We usethis distribution to computethe ac-
curatefrequeny of accesdo eachclip j, f;. Usingthisin-
formation,our experimentis asfollows. A deviceinvokesa
replacemenpolicy with 10,000requestdor agiveng value.
It thenemploys the accuratefrequeny of accesdor each
clip j to computethefrequeng of accesgo thecache.This
is the theoreticalcachehit rate. Assumingk objectsare
cacheresidentthis metricis definedasy""_, f;.

Figure6.ashavsthetheoreticatachehit ratewith theal-
ternative techniquedor six differentg values:0, 100, 200,
300, 400,and500. As a comparisoryard-stick,we shav
Simplewhich employs the accuratérequeny of accesgo
managehe contentof the cache Figure6.bfocuseson two
intervals, g=200and 300, showing the cachehit rateevery
100requestdor the 20,000issuedrequestsAll techniques
obseneasharpdropatrequesid 20,000becausehevalue
of g changedrom 200to 300, modifying theidentity of the
popularclips. Simpleis quick to swap unpopularobjects

5All randomnumbergeneratoror thesimulatorareseededproducing
adeterministicsequencef requestdor all technique.
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Figure 7. Comparison of IGD with GreedyDual-Freq and GreedyDual,

from the cachein favor of the popularclips usingtheir ac-
curatefrequeng of accessproviding thebestcachehit rate
aftertwo hundredrequests.DYNSimple andLRU-SK are
sensitve to the chosenvalueof K. WhenK = 2, DYN-

SimpleandLRU-SK adaptafterafew hundred200to 400)
requests With a highervalueof K, say32, LRU-SK’s hit

rate goesdown per discussion®f Figure5 (LRU-SK with

K = 32is notshavn in Figure6.b). DYNSimplerequires
alarger numberof requestdo forgetthe pastandswap out
clips that were popularpreviously. 1GD requiresa large
numberof requestdo stabilize becauséts aging function
utilizesnumberof referencesor clips.

Figure 7 shavs a comparisonof IGD with GreedyD-
ual [3] and GreedyDual-Fred4], seeSection4.2. These
resultsshav GreedyDual-Fregloesnot adaptto evolving
accesspatternsas quickly as IGD. With different g val-
ues,seeFigure7.a, IGD providesa higheraveragecache
hit rate when comparedwith GreedyDual-Freg. Indeed,
GreedyDual-Freds worse than the original GreedyDual
when g is greaterthan zero. This is becausethe num-
berof referenceso a clip is monotonicallyincreasingwith
GreedyDual-Fre@slong asit is cacheresident.However,
IGD causeghe numberof referencedo ageby dividing it
with theinterval of time sincelastreference.

Whenthe accesgatternis fixed, GreedyDual-Fregro-
vides a cachehit rate comparableo IGD. This is shovn
in the first half of Figure7.b. It is interestingto note that
GreedyDuatesultsin differentcachehit ratesasafunction
of every 100requestsWe speculatéhisis becausé&reedy-
Dual doesnot have the conceptof leastrecentlyusedclip
and at times chooseghe wrong clip to swap out, seethe
discussion®f Section3.3.
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ST =0.125.

We manipulatedthe mean of the Zipfian distribution
usedto generateelip-ids referencedy differentrequestso
analyzegheimpactof askewedpatternof accessln general,
the cachehit rate with the alternatve techniqgueecomes
almostidenticalwith a more skewed accesgattern. With
amoreuniform distribution of accessPYNSimple outper
formsthe othertechniquesy awider mamgin.

5 Conclusionsand futur ereseach dir ections

In this study cachehit rate quantifiespercentagef re-
guestsservicedsuccessfullywhen a mobile device is not
in the radio rangeof a basestation. Our contributionsare
asfollows. First, we identify limitations of currentcaching
techniquesy comparingthemwith oneanotherwhenthe
objectie is to maximize cachehit rate. Our secondcon-
tribution is to introducethreenovel techniques:Dynamic
Simple (DYNSimple), Interval basedGreedyDual(IGD),
andavariantof LRU thatconsidersizewhenchoosingvic-
tims (LRU-SK). Thesevariantsaddresghe limitations of
their original counterpartsin two ways. First, they support
repositorief equi-sizedandvariable-sizectlips. Second,
they adaptto changesn accesgatternsanddo not suffer
from cachepollution, i.e., the tendeng of previously pop-
ular clips lingeringin the cache.Whencomparedvith one
another DYNSimple providesa higher cachehit rate and
adaptdasterwhenit computedrequeny of accessgo clips
basedntheir pasttwo references.

Onemay arguethatincreasingcachehit rateby several
percentageointsis negligible. Sucha conclusionis ill-
guidedbecausesereral studieshave shovn that cachehit



rategrowsasalog functionof cachesize[1, 3, 2, 13]. Thus,
a betteralgorithmthatincreasesachehit rateby only sev-
eral percentageointswould be equivalentto several fold
increasen cachesize[13].

We areextendingthis studyin several directions. First,
we planto develop efficient implementation®f DYNSim-
ple, IGD, and LRU-SK. This may requiretree-basediata
structuredo minimize the compleity of identifying a vic-
tim clip. Second,someapplicationsmay not toleratethe
storageoverheadf maintaininglastreferencaimesfor all
clips with DYNSimple. We proposeto developa rule sim-
ilar to the 5 minute rule that considersthe economicsof
network bandwidthand local storage,providing a frame-
work that decideshow long to keepthe meta-datdor the
pastreferences.

Finally, noneof the presentedechniquesare coopera-
tive. Cooperatre cachingtechniqguegnablemobiledevices
to coordinatetheir statein orderto optimize a global cri-
terion suchas numberof referencesservicedwithout ac-
cessinghe basestation.Recallfrom Sectionl thata FMC
phoneincludesa Wi-Fi networking cards.Multiple devices
in the sameradio rangemay form an ad hoc network and
exchangeclips with oneanother They mayemploy acoop-
eratve cachingtechniqueto minimize the numberof refer
encedo thebasestation.Designof aneffective cooperatie
cachingtechniqueandits comparisorwith a greedytech-
nigueremainsafutureresearchdirection.
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